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The richness that characterizes relationships is often absent when they are modeled using computational
methods in network science. Typically, relationships are represented simply as links, perhaps with weights.
The lack of finer granularity is due in part to the fact that, aside from linkage and strength, no fundamental
or immediately obvious dimensions exist along which to categorize relationships. Here we propose a set of
dimensions that capture major components of many relationships – derived both from relevant academic
literature and people’s everyday descriptions of their relationships. We first review prominent findings in
sociology and social psychology, highlighting dimensions that have been widely used to categorize social
relationships. Next, we examine the validity of these dimensions empirically in two crowd-sourced experiments.
Ultimately, we arrive at a set of ten major dimensions that can be used to categorize relationships: similarity,
trust, romance, social support, identity, respect, knowledge exchange, power, fun, and conflict. These ten
dimensions, while not dispositive, offer higher resolution than existing models. Indeed, we show that one can
more accurately predict missing links in a social graph by using these dimensions than by using a state-of-the-
art link embeddedness method. We also describe tinghy.org, an online platform we built to collect data about
how social media users perceive their online relationships, allowing us to examine these dimensions at scale.
Overall, by proposing a new way of modeling social graphs, our work aims to contribute both to theory in
network science and practice in the design of social-networking applications.
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1 INTRODUCTION
Social relationships are paramount. They determine where we work, who we marry, and what
we do. Their role is no less central online, where social-networking websites account for a large
portion of the time people spend on the internet [49]. In 2017, for example, Facebook was the third
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most visited website in the world, behind only Google and Youtube [7]; and, on average, users were
estimated to spend almost an hour per day on the site [84].
Unsurprisingly, researchers have spent a great deal of time trying to capture and model social
relationships both online and offline [2]. One of the dominant paradigms that has emerged is to
think of and model social relationships in terms of tie strength [48]. Such approaches have no doubt
been fruitful and certainly capture a key element of social relationships. For example, weak ties
with acquaintances are critical in finding a job or generating creative ideas, while strong ties with
family or close friends provide crucial emotional and social support. Tie strength is even predictive
of subjective well-being [20].
Yet, the focus on tie strength as a way of understanding and modeling social relationships
has its limitations. Not all ties of the same strength are created equal [93]. Weak ties can be the
way through which new job opportunities are discovered by professionals but not by blue collar
workers; for people of low status, weak ties of a similar status are not generally useful or far
reaching. Meanwhile, strong ties with parents offer financial support but rarely companionship,
while strong ties with friends offer the opposite. Many other factors such as trust, power, and group
affiliation play an important role in social relationships and are not captured by tie strength alone.
In this paper, we develop a simple way for incorporating more of this social richness and
nuance into social network techniques. We first review relevant literature in sociology and social
psychology from which we obtain 8 tentative dimensions along which relationships could be
classified (§3.1). Independently, we then ask 200 crowd-sourcing users to describe their relationships
using everyday words and then to rate these words through a structured survey (§3.2). Based on
their responses, we add two new dimensions to the previous eight. We then apply our final ten
dimensions to a link prediction task (§3.3), in which an improvement in prediction accuracy suggests
that these dimensions capture important aspects of a network’s structure. In the final discussion
(§4), we compare our categorization to existing multidimensional relationship models and present
www.tinghy.org, a web platform that allows users to label their online relationships with our
dimensions, resulting in a large-scale collection of relationship labels.
2 RELATEDWORK
Attempts to model social relationships are of course not new. So, we begin by summarizing previous
approaches to modeling social relationships in the study of tie strength, online conversations,
multiplex networks, and multi-dimensional models in sociology—and we explain how our effort
differs from each.
2.1 Tie strength
Since its inception, research in social network analysis has focused on modeling networks and
social systems with simple nodes and edges [72, 92]. These abstract models were soon extended
to incorporate edge weight [10] to map the concept of tie strength [90, 95]. This concept is key
to understanding how networks grow over time. One of the most influential publications on the
topic, by the sociologist Mark Granovetter [48], showed that strong ties tend to form close-knit
clusters, while weak ties bridge across clusters. This fundamental work laid the foundation for
an entire field of research. Sociologist Ronald Burt [21] built upon that work by introducing the
concept of structural holes to better explain how ideas spread: new ideas are likely to come from
weak ties created by gatekeepers who bridge different communities. The notion of tie strength
is also connected to how personal communities form. In studying how people grow their social
circles [32, 52], anthropologist Robin Dunbar found that people perceive their social circles as
relationships arranged by importance (i.e., by tie strength) [98]. A typical social circle can be
represented as an onion with five layers (relationship types) of decreasing intimacy: the support
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clique (at the core), the sympathy circle, close relationships, stable relationships (usually around
150 people, also known as the Dunbar Number [31]), and acquaintances. Granovetter’s work has
been further used to: i) predict tie strength from Facebook, Twitter, and question-answering data
in the field of HCI [43, 44, 74]; ii) study community structures in social media [1, 47, 70]; and iii)
study signed edges—positive vs. negative edges [62–64]—to test the “structural balance” theory in
digital networks, which suggests that “the enemy of my enemy is my friend”.
This research makes clear that tie strength is an important dimension along which social rela-
tionships can be categorized, but also calls attention to the possibility that there might be other
orthogonal dimensions that are also important to understanding relationships. For example, it is
easy to think of relationships which are similar in tie strength (parents vs. romantic partner) yet
vary drastically in nature.
2.2 Online conversations
In interaction networks, a social link can be annotated with the messages that the two endpoints
exchange. The analysis of textual exchanges yields rich information on the people involved in
those conversations, and on what their relationship is about.
Online conversations on social media have been investigated extensively by computer scientists,
largely because being able to automatically detect conversations that are interesting [28] or relevant
to key topics [5, 13] is a powerful tool to foster user engagement [50]. By mining conversations from
emails and Twitter data, for example, researchers have identified the emergence of conventions
(e.g., the adoption of specific language markers) [17, 54, 60] and regularities in terms of thread
length and number of participants [8, 61].
Researchers have been able to accurately predict personality traits from online conversations [69,
80]. Correa et al. [26] found that openness to new experiences and emotional stability correlate
with the propensity to start new conversations online. Similarly, from tweets, Celli and Rossi [25]
estimated user’s emotional stability and propensity to start new conversations.
Other research has investigated the topics discussed in conversations [55, 78]. For example,
Bearman and Parigi [12] analyzed data from the GSS to learn what are the “important matters”
people usually talk about. They manually identified 9 recurring macro-topics: community issues,
news, kids, politics, health, relationships, money, ideology, and work. Meanwhile, Java et al. [57]
manually classified tweets into informational, conversational, and tweets for casual chatter. The
availability of accurate sentiment analyzers able to work on short text snippets [46] allowed for
the exploration of emotions in dialogs. Kim et al. [58] extracted topics from Twitter conversations
with LDA, used Plutchik’s model [76] to assign emotions to them, and looked at emotional arcs in
conversations through time.
As opposed to this previous research, our work aims at identifying aspects that are more related
to the communicative acts of a conversation rather than its semantics. While semantics focuses on
the topics people talk about, communicative acts shape the actual nature of a relationship as well
as both party’s perceptions of that relationship. For example, we use language to perform a variety
of social functions such as giving comfort and apologizing.
2.3 Multiplex networks
Research in temporal, dynamic, and multilayer networks explores different ways to represent social
relationships. In those areas, excellent introductions include manuscripts by Holme et al. [53],
Gautreau et al. [40], and Kivela et al. [59]. Scientists in the field of complex systems have modeled
multi-relational social structures to account for the different kinds of social ties each individual
has. Theoretical models were used to show how multiplex structures can influence collective
dynamics such as cooperation and emergence of consensus [45]. Few went beyond theoretical
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models and studied multiplex networks in real-world contexts. Szell et al. [85] studied an interaction
network from a massive multiplayer online game where relationships were characterized along the
dimensions of friendship, communication, trade, enmity, aggression, and punishment.
Research in this area has focused on modeling a social graph’s statistical properties but, in so do-
ing, has assumed the existence of certain kinds of relationships without specifying a comprehensive
list of them. Here we focus on determining the most important types of real-world relationships.
2.4 Multidimensional models in Sociology
Many substantive social network studies represent ties with attributes other than friendship or
acquaintanceship, including mentorship [77], advice [42], romance [75], identity [86, 94], and
emotional support [88, 91]. A few researchers have also attempted to draw a comprehensive
characterization of the multiple sociological dimensions that describe a social relationship. Using
the expression “colors of closeness”, sociologist Barry Wellman has argued that the concept of
tie strength is not sufficient to grasp a relationship’s subtleties [82]. Similarly, Bicchieri [14] and
DeDeo [29] expressed the need for identifying fundamental blocks of social interactions—the
“grammar of society”, in Bicchieri’s words.
In the 90s, Alan Page Fiske first proposed four basic types of sociality [36], which formed the
basis of his relational models theory. At around the same time, Wellman and Wortley [93] published
the first work that studied how different types of ties result in different kinds of social support. By
interviewing 29 people in Toronto, they found that five main dimensions of support—emotional aid,
small services, financial aid, large services, companionship—are indeed provided by very different
types of relationships (e.g., parents, spouse, friends). More than a decade after, Spencer and Pahl [83]
conducted in-depth interviews to learn how people’s “personal communities” are structured. Besides
identifying the strength of ties (high/low commitment relationships), interviewees portrayed a
number of stereotypical relationship types: associates, useful contacts, fun friends, favor friends,
comforters, confidants, help-mates and soul-mates.
The multidimensional nature of social ties has been studied in the online context too. Using
Emerson’s and Blau’s Social Exchange Theory [15, 33], Aiello et al. [6] found that individuals tend
to exchange three types of what that theory would call “resources”: knowledge, social support, and
status. Status and power—two complementary aspects of the same type of social exchange—have
been associated with the use of linguistic styles [19, 27, 87], and with different outcomes in online
discussions [78]. Recently, Purohit et al. investigated the relationship between social cohesion, social
identity and discussion divergence in online groups [78], and discussed the power dynamics which
result from them [87]. Budak et al. identified the presence of emotional support and information
exchange in Twitter conversations, and discussed how those two domains were linked to a shared
sense of community.
By proposing a categorization of fundamental types of social interactions, our work builds on
this past research, which we elaborate on in §4.1.
2.5 Research questions
In our attempt to create a taxonomy of social relationships, we set out to answer three main research
questions:
RQ1: What are the main dimensions along which research fields (e.g., social psychology,
sociology) have studied social relationships? (§3.1)
RQ2: Can we identify a more comprehensive set of dimensions that correspond to how
people actually perceive and categorize their own social relationships? (§3.2)
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RQ3: Do the newly-found dimensions capture previously unseen aspects of a network’s
structure? (§3.3)
3 METHODS AND RESULTS
We now elaborate on the methods we used to answer our three primary research questions and
our findings for each of those questions.
3.1 Literature review (RQ1)
To find a set of relevant academic articles on the categorization of social relationships, we used
an iterative procedure that mixed searches through online corpora with selections from domain
experts. The process, similar to techniques used in the past to perform literature reviews in other
domains [30], is represented in Figure 1.
To begin, we selected a few prominent seed papers chapters and books, which are well-known
in several domains of research in the fields of sociology and social psychology [11]. When then
expanded this set, with the help of Google Scholar, by adding papers referenced in and referencing by
the seed papers. Independent from the initial seed set, we queried Google Scholar—which has been
shown in prior studies to have comparable recall and precision to similar corpora [16, 18, 41, 96]—to
get additional sources. We refined the search strategy iteratively to increase the recall of known
sources and also refined the search keywords by reviewing the results returned. We structured the
final query as follows:
intitle:(social OR group OR community OR network OR crowd
OR relationship OR tie OR link OR interaction OR conversation
OR friendship OR kinship OR interpersonal OR dyadic) AND
(type OR nature OR taxonomy OR classification OR categorization
OR model OR survey OR evolution OR exchange OR language)
These papers were then categorized such that articles on the same topic were grouped together:
for each article, we enumerated all the relevant keywords, clustered them by theme and designated a
single word term to summarize each of these categories (e.g., similarity, homophily, and assortative
matching were grouped together in the “Similarity” cluster). This grouping was done through
unanimous consensus of all the authors. To avoid this leading to notable exclusions, five external
experts in social psychology and sociology looked through these articles and augmented the list if
there were any notable exclusions. Next, again through unanimous consensus, redundant articles
(e.g., incremental wrt highly influential articles) were removed such that only the original influential
article or articles in that research line were retained.
This left us with a list of 19 influential articles (Table 1) that define eight broad dimensions,
which we now describe:
Similarity. This describes a relationship in which the two parties occupy a similar station in life.
Phrased another way, this dimension describes the spatial closeness of two people in a highly
dimensional demographic space. For example, two people would be high on this dimension if
they are are of similar ages, similar genders, work in similar industries, and earn similar salaries.
1. Domain expertise 3. Scholar search2. Expand by references
Seed set Scholar setAugmented set
5. Grouping 6. Expert panel4. Recency/impact filter
Candidate set Paper groups Final paper groups
Fig. 1. 6-step process for gathering the set of research papers about the core dimensions of social relationships.
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Table 1. Dimensions characteristic of social relationship as they emerge from the literature review.
Characteristics Simple Term Disciplines Sources
Similarity, Homophily,
Assortive Matching
Similarity Sociology Psychology [71], [56]
Need to Belong, Warmth,
Social Support
Social Support Psychology [11], [37], [89]
Trust, Reliability Trust Psychology Sociology Eco-
nomics Biology
[68], [97]
Power, Resources Power Sociology Psychology [38], [39], [15]
Knowledge, Competence Knowledge Transfer Psychology [37], [65]
Group Membership,
Culture, Identity
Identity Sociology Psychology [86], [73], [24]
Status, Respect Status Sociology Psychology [15], [33]
Mating, Sex, Romance Romance Psychology Sociology Eco-
nomics Biology
[22], [23], [34]
Meanwhile, two people would be low if they are from different age cohorts, are of opposite genders,
and occupy different economic brackets [56, 71].
Identity.A relationship inwhich two people are brought together by their shared sense of belonging
to a community that is personally meaningful to them and forms of a basis of their sense of self.
One example might be two people united by virtue of being lifelong fans of the same sports team,
another might be members of a marginalized racial or ethnic group (while these people are likely
to be high in similarity as well, this is an orthogonal relationship dimension as it corresponds to a
psychological identification with that group) [24, 51, 73, 86].
Knowledge.A relationship in which the exchange of information is a focal point of the relationship.
This exchange may be asymmetric or not. That is, the information transfer may be largely unidi-
rectional (e.g., the relationship between a math professor and his students, in which, it is mostly
the professor giving the students information). Or the information transfer may be bidirectional
(e.g., two CEOs in different industries who regularly call each other to exchange information about
the state of affairs in each others’ industries) [37, 65].
Social support. A relationship in which one or both parties provide some form of aid to the other.
This aid might come in several different forms. Some major categories of aid include: emotional
aid, small favors (e.g., lending household items), long term services (e.g., regular help with health
issue), financial aid, and companionship [11, 37, 89, 93].
Trust. This characterizes a relationship between two parties where one party is willing to rely
on the other. This usually involves one person willfully allowing their fortune to be dictated by
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the actions of the other (this dynamic is captured in the economic game of the same name, the
“trust game”, in which one person may choose to allocate money to another, whereupon the sum is
increased, but the final allocation of the sum is determined by this second person to whom the sum
has been handed) [68, 97].
Power. A relationship in which one party has more resources than another or the ability to
influence or control that party’s behavior (to some extent) regardless of that party’s willingness.
Some classic examples would include the relationship between an autocratic ruler and his or her
subjects or between a boss and his or her employees—both of which are characterized by a disparity
in resources and the ability of one party to influence and control the behavior and outcomes of the
other [15, 38, 39].
Respect. A relationship in which one party confers status upon the other. An example may be the
relationship between a judge and a law clerk, from the perspective of the law clerk [15, 33].
Romance. A relationship characterized by intimacy goals. That is, the parties who are sexually
interested in each other and or see each other as long term partners. Some relationships described
by this dimension would include: a couple who are dating or two parents who share a life and are
raising a kid together [22, 23, 34].
3.2 Crowdsourcing studies (RQ2)
Following this literature review which identified eight key preliminary relationship dimensions,
we conducted two empirical studies on Mechanical Turk (MTurk). The goal of the first study was
to have people describe their relationships in everyday language and then to use these descriptions
to generate a set of concepts that people associate with their relationships. The goal of the second
study was to narrow down and cluster these concepts according to similarity and then to check the
extent to which these clusters match the dimensions identified in the literature review as well as
examine whether additional concepts should be added to the literature-driven list. Across the two
studies, we recruited a total of 200 workers (45% women, 81% White from Canada, United Kingdom
and United States).
In the first study, to gain an understanding of how people perceive and describe their relationships
in natural, ordinary language, we asked N = 100 MTurk users to pick up to 3 single words that
“best describe” their relationships and up to 3 words that indicate what “matter most” for their
relationships. They were then asked to pick two words that best described their relationship with
each of these four type of bonds: friends, romantic partners, coworkers, and parents. We asked
about generic relationship first to avoid to biasing participants’ responses by immediately focusing
them on specific relationships types. However, to also allow participants to provide descriptors
for specific relationships in their lives, we repeated the question for the four relationship roles
listed above. Thus, we were able to collect and incorporate in our analyses both information about
descriptors of people’s relations in general and descriptors of their specific relationships.
In total, each user was supposed to provide 14 words (although some missed a few). Across all
users we collected 1, 352 words (e.g., love, trust, empathy). After redundant words were eliminated,
we were left with a final set of 220 unique words that people use to describe their social relationships
(the most frequent terms are shown in Figure 2).
This data was used as the basis of a second study aimed at validating and expanding the di-
mensions identified in the literature. A new set of N = 100 MTurk users were each asked to rate
every one of the 220 unique words in terms of how well those words described the relationships in
general (from 1 = not at all, to 5 = very well). To ease the rating task, the words were shown to each
participant in a grid format where each row in the grid corresponds to one of the 220 words, and
there is a column for each of the scale values. The median time it took for users to rate every word
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Fig. 2. Frequency of the top terms among the 220 unique terms used by the MTurk users to describe their
social relationships.
was 8.3 minutes. We compensated people at a rate that was at least as high as the U.S. minimum
hourly wage. The order in which each of the words appeared was randomized between participants.
As a result, each word w can be characterized by a 100-dimensional rating vector w whose
uth entry wu contains the rating given to it by user u. These vectors can then detect “implicit
mental associations” and, as such, they go beyond semantic similarity. As a concrete example, two
words with similar vectors (e.g., “openness” and “patience”) are not necessarily semantically similar
but people tend to mentally associate them (e.g., as revealed by a high correlation between the
“openness” and “patience” vectors). Consequently, by clustering words based on their vectors, we
can obtain clusters of words that reflect how people tend to think about relationships.
More specifically, we first computed the Spearman rank correlation coefficient between the
vectorsw of all the word pairs (analogous results are obtained when using the Pearson coefficient).
This step yielded a symmetric 220× 220 correlation matrixM whose generic entryMi j contains the
correlation score between words i and j . To extract groups of related words, we run blockmodeling
on the matrixM to group together words that exhibit similar patterns. The matrix is partitioned
hierarchically in exactly two clusters at each step. The procedure is repeated recursively on the
sub-matrices until clusters contain one single word. To select the optimal level in the hierarchy, we
measured the average rank correlation between the vectorsw of all the members of every cluster:
if the average correlation is lower than the one found in the previous level, the recursion stops.
Figure 3 shows the final matrixMi j with the rows and columns re-arranged so that words in the
same cluster are listed in adjacent rows.
The first binary partition yields a clear-cut dichotomy between positive and negative words. The
positive words are best grouped into five leaf-categories. We found one category corresponding to
romantic relationships, one that encompasses the notion of social/emotional support, one expressing
trust, and one containing indicators of status and respect (e.g., “admiration”). The fifth category did
not emerge in our literature review and consists of descriptors such as laughter, joy, and humor
(“fun,” for brevity). The negative words are best grouped into seven categories. Five of them reflect
the lack of social support, romance (“unloving”), trust (“untrustworthy”), respect (“disappointing”,
“insubstantial”), and fun (“boring”). The sixth category refers to power, which our literature review
already uncovered (e.g., relationships that are “obligatory” or exist because of some monetary
dependency). The seventh and final category did not emerge in our literature review and can be
described as something along the lines of conflict and hatred. The resulting 10 dimensions and
related terms are made publicly available for further research use1. Figure 4 provides a summary.
Three categories (i.e., identity, similarity, and knowledge transfer) are discussed in the literature
but they do not emerge from the user study, not least because they are the hardest to verbalize.
1www.tinghy.org/data
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Fig. 3. Correlation matrix of words that describe social relationships. Rows are sorted according to the
blockmodeling output. This image has been created at high resolution to allow for the inspection of individual
words by zooming on screen.
The other two categories of ‘having fun together’ and conflict, instead, are not explicitly delineated
in the literature2 but tended to be more frequently verbalized. The remaining five dimensions are
reported both in the crowdsourcing study and in the literature.
To check whether the results of the crowdsourcing experiments varied along demographic
lines, we conducted separate splits of the responses by gender (male, female), age (above or below
median), and racial background (white, and non-white as these were the two largest bins). For each
demographic split, there is always a high correlation between responses of the two groups. In the
first study, the correlation between the frequencies of the words fluctuates in the range [0.83-0.92].
Likewise, in the second study, the correlation between the values in the word-word correlation
matrix computed across splits always ranges between [0.72-0.79].
3.3 Relationship dimensions for link prediction (RQ3)
To show a concrete application of these relationship categories that we derived, we ran a link
prediction experiment. Link prediction is a fundamental task in network science that aims to
2As we shall discuss in §4.1, fun is mentioned by Spencer and Pahl in their relationship categorization [83] but it is not
analysed as a sociological concept in any of the papers that we have reviewed.
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Fig. 4. Ten dimensions from literature and experiments. Five appear in both literature and experiments
(middle), three appear in literature only (left), and two in the study only (right). Negative and positive signs
correspond to valence; dimensions with both signs may be positive or negative in valence depending on the
presence or absence of that dimension.
anticipate which edges will appear in an evolving graph [4]. In social networks, the ability to
reliably predict new social connections has important theoretical implications because it improves
our ability to explain the dynamics that drive the evolution of ego-networks and, more generally, of
social systems. In social media, it also serves the practical purpose of providing recommendations
to users about new potential social connections they could establish. In large systems, even a slight
improvement of the accuracy of these recommendations triggers the creation of a very large number
of additional social connections. In the following, we measure how incorporating the notion of
the newly found social dimensions into a link prediction model can lead to such an improvement
compared to traditional approaches based on structural indicators only.
We used a complete snapshot from aNobii.com—a social platform for book lovers—which was
collected in 2012 and made available for research purposes [3]. On aNobii, users create their own
digital libraries containing books they have read and wish to read in the future. They connect
with others through directional social links that might or might not be reciprocated, similar to the
Twitter’s “follow” relation. Any pair of users can communicate by writing messages on each other’s
public profile. Rather than looking at the follower network, we focused on the communication
network: a graph where nodes are users, and a directed link between nodes is drawn if the origin
node has sent at least one message to the destination node. We annotated every link in the
communication network with the bag of words of all the messages that have been sent on that link.
Overall, the full communication network contains about 80k nodes and 575k links.
The classical formulation of the link prediction problem in a static scenario is to consider a
snapshot of the network and predict whether a link between two nodes exists or not based on a
number of features that describe the two nodes or the context around them [66]. The task can be
solved using a wide range of techniques [67] but, in practice, the majority of the local features
that end up being predictive tend to often be simple variations of the common neighbors metric:
that is, the probability of a social connection between two individuals grows with the number of
contacts they have in common. Also, those metrics are estimators of the strength of the (potential)
tie between two people. In this experiment we use triangle overlap (TO) as a baseline feature:
TO(u,v) = Γout (u) ∩ Γin(v)|Γout (u)| (1)
where u and v are two users, and Γin and Γout are, respectively, their sets of in- and out-neighbors.
In short,TO is a version of common neighbors adapted to directed networks and normalized by the
size of u’s neighbor set. In aNobii,TO has been found to perform better than all the other structural
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metrics (including simple common neighbors) and than semantic features [3] (e.g., similarity of
user profiles based on their digital bookshelves).
In the context of this work, to exploit our newly formulated ten dimensions, instead of consid-
ering the common neighbors as homogeneous, we can partition them according to the types of
relationships they are involved in. To do that, we matched the crowd-sourced terms that reflect
the concepts of support, trust, power, respect, romance, fun, and conflict (Figure 4) with the bag
of words of each social link. We do not use the dimensions of similarity, identity, and knowledge
because the crowdsourcing did not generate any words for those three. We then label the link with
the dimension having the highest number of matching words. As a result, for a user pair (u,v), we
obtain a social dimension vector D(u,v) whose entries count the number of common neighbors
who are connected to u with a link of a given type (e.g., 2 common neighbors of type “support”, 1
of type “respect”). D(u,v) is used as feature set for our approach.
At random, we selected 100k connected user pairs (positive examples) and 100k disconnected
ones at 2 hops from each other (negative ones), and attach to each pair the two predictors TO and
D(u,v). Upon 10-fold cross validation, a Random Forest classifier with D(u,v) as predictor brings
an improvement of 7% in AUC, and an improvement of 6% in accuracy compared to a Random
Forest classifier based on TO (Table 2). When combined, the two predictors yield an increase of
11% in AUC. In large networks such as ours, even an improvement of 1%, apparently small in itself,
is crucial to capture a considerable part of the network structure that would be otherwise invisible
to the method of triangle overlap, which has been previously found to be the best performing
method [3].
To assess the predictive power of the different social dimensions in D(u,v), we measured the
relative feature importance in the Random Forest classifier (a score that sums to 1 over all the
dimensions). We found that social support (0.32) and respect (0.29) are the most predictive features,
followed by trust (0.18) and fun (0.12). Power (0.03), romance (0.03), and conflict (0.03) seem not to be
very predictive, in this context. It is hard to extract generalizable findings from this feature ranking,
though. In fact, labeling a relationship with the dimension whose associated words appear most
frequently in the conversation is a crude approach and it may suffer from a number of limitations.
Although it is not unreasonable that the words that people exchange bear a relationship to the
type of tie people have, those words might not be always representative of the social dimensions
they are associated with, not least because their semantics changes depending on the context of
the conversation. Even if they were representative, these results might not be generalizable across
platforms: the link creation dynamics of an interest-based network tailored for book lovers are
arguably different from other types of social media. In this experiment, we use word matching
to provide a simple proof-of-concept that decomposing an indicator that reflects the number of
common neighbors into a vector of relationship types increases the link prediction power. In the
discussion that follows, we sketch additional methods that could be used to collect data for training
supervised models and even more accurately map conversations to social dimensions.
Table 2. Link prediction results on 200k links using as features i) triangle overlap, ii) the vector of relationship
dimensions and iii) those two combined. Percentage increase over triangle overlap is shown.
Features Precision AUC
Triangle overlap 0.749 0.755
Relationship dimensions 0.800 (+7%) 0.803 (+6%)
All 0.783 (+5%) 0.841 (+11%)
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Table 3. Comparison between our set of dimensions and the concepts presented in the two multidimensional
models of social interactions by Spencer & Pahl and Wellman & Wortley
Our model Spencer & Pahl [83] Wellman &Wortley [93]
Similarity Associates (share a common activity
or hobby)
-
Social support Comforters (providing deep level of
emotional support)
Emotional aid (advice, minor or ma-
jor emotional aid)
Trust Confidants (disclosure of personal in-
formation)
Large services (major services includ-
ing health care, child care)
Power - -
Knowledge Useful contacts (share information
and advice, typically related to work)
Companionship (discussing ideas)
Identity - Companionship (participating in
common groups)
Respect - -
Romance - -
Fun Fun friends (socialization primarily
to have fun)
-
Conflict - -
- Favor (providing functional help) Small services, financial aid (lending
items or money, small aid)
4 DISCUSSION
Our work has aimed at understanding how individuals conceptualize social relationships, and the
results provide a basis to move forward with social network analyses in more sophisticated ways.
By categorizing relationships according to sociologically and psychologically meaningful variables,
we are likely to be able to understand and predict more of both people’s offline and online behavior.
For example, in modeling people’s behavior, for two given links with the same weight, it might
be very useful to know the “type” of link for each. For a given person, the link weight between
them and their co-worker might be similar to the weight with their friend, if weights represent
something like frequency of interactions. However, knowing that one of these links is primarily
characterized by power and status while the other is primarily characterized by trust and fun, is
likely to be highly informative and predictive above and beyond the basic information.
4.1 Theoretical implications
Our work makes two main contributions to theory. First, while not dispositive, we highlight and
provide an empirical basis for several important dimensions along which social relationships may
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be conceptualized. Second, these dimensions offer a new way of modeling social networks, which
goes beyond tie strength and relationship semantics. Of course, there have been efforts in the social
sciences to provide meaningful categories for social relationships. For example, two prominent
ones are outlined in Table 3 (Spencer & Pahl [83] and Wellman & Wortley [93] (already mentioned
in §2.4). There is overlap between the dimensions outlined by these two theories and our categories,
as there should be if all parties are studying the same underlying phenomenon. However, we
believe that our categories emcompass a broader range of underling dimensions than either of
these previous two theories—and further come with empirical validation as well as demonstrated
usefulness in a concrete network analysis task (link prediction).
In the future, having tools to detect the type of tie will open up new questions which are
meaningful theoretically and testable empirically. For example, which types of ties are prevalent in
which social circles? What is the relationship between network structure and type of tie? Which
ties are bonding and which are bridging?
4.2 Practical implications
By categorizing relationships according to sociologically and psychologically meaningful variables,
we are likely to be able to better understand and predict people’s offline and online behavior. We
have shown how using the information about the type of social relationship yields an improvement
on prediction tasks on social media compared to using tie strength.
Moving forward, the relationship dimensions we identified could be useful in the design of social
networking systems. We see at least three domains where online social media platforms could
benefit from a system that is able to accurately estimate social relationship types:
• Managing privacy. Privacy controls benefit from understanding the meaning of a tie. When
users make privacy choices, a system could control which friends (e.g., social supportive
friends vs. knowledgeable ones) should be able to see which types of content (e.g., sensitive
photos vs. news articles). That works for new users too: one could simply label the newly
acquired relationship using our ten dimensions. As opposed to information sorting approaches
based on tie strength, those based on our labels are potentially able to appropriately place
different types of information in different social circles.
• Curating news feeds. People are turning to social media to satisfy social and informational
needs: consuming news, forming opinions, and sharing problems with others are all activities
that increasingly take place online [9, 79]. This trend calls for new solutions to curate
news feeds that show the right information to the right friends [35, 81]. Our fine-grained
representation of relationships allows for a more targeted disclosure of such information,
resulting in more useful and enjoyable news feeds. News from users who enjoy the trust of
many people might be promoted in the feed over those from users who are popular but not
necessarily trusted. Posts that express emotional distress could be shown first to friends who
are able to provide emotional support.
• Suggesting new friends. Social-networking sites often recommend new social contacts. Yet, we
have good reasons to not befriend every single recommended user. A system that automati-
cally (albeit partly) understands those reasons should know which are the building blocks of
a stable social circle; its recommendations should not be blind to, for example, ‘power’ and
‘conflict’ dynamics which are accounted for in our taxonomy.
4.3 Limitations and future work
This work has two main limitations. The first concerns generalizability. Given that the majority
of our crowd-sourcing respondents are White and from English-speaking countries, we should
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Fig. 5. Screenshots of the tinghy.org platform. Users log in with their social media accounts (left) and are
asked to label the relationships with their friends using the ten dimensions we have identified in this study
(right).
be cautious before generalizing our results across cultures—or even to certain subcultures within
a country; thus, more cross-cultural work would be useful. Further research might also assess
the extent to which prompting participants toward specific relationship roles (e.g., parents, co-
workers) biased our results towards strong ties. The second limitation concerns the feasibility of
collecting data. It might be difficult to train supervised algorithms to map relationships onto the
types identified here, as it is unclear how to get users to label their relationships, and how to build
a reliable training set that goes beyond the simple word matching approach previously used in
our link prediction task. To address this limitation, we developed www.tinghy.org, a web platform
that makes the labeling task practical and fun. On this platform, participants can play a series of
psychological games. In one of these games, users log in through their social media accounts, and
they are sequentially presented with 10 of their actual friends. For each friend, they make choices
which reveal the extent to which that relationship is described by our 10 dimensions (Figure 5).
The user interface is “gamified” so that the experience is fun and rewarding. As participants go
through each of their friends, they build a wall representing the core components of their social
circles. With the explicit consent of the user, interaction data between the players and their friends
is gathered in background. This gamified approach is not platform-dependent and it can link data
sources from different platforms that offer internet-mediated conversations. When users are logged
in with Twitter, for example, the platform collects the text associated with mentions and replies
exchanged with their contacts. This process results into a scalable way of collecting conversational
text and its associations to categorized data about the type of the social relationships that mediate
those conversations. We envision using the collected data to train supervised machine learning
models that can predict the 10 dimensions from conversational text.
In the future, upon a large-scale collection of such labels, researchers could study the relationship
between tie dimensions and a variety of factors derived from online data such as use of language,
network structure, and real-world outcomes—building up a more robust understanding of the
online markers of such relationship types.
REFERENCES
[1] Luca Maria Aiello. 2015. Group Types in Social Media. In User Community Discovery. Springer, 97–134.
[2] Luca Maria Aiello. 2017. The Nature of Social Structures. Springer.
[3] Luca Maria Aiello, Alain Barrat, Ciro Cattuto, Rossano Schifanella, and Giancarlo Ruffo. 2012. Link Creation and
Information Spreading over Social and Communication Ties in an Interest-based Online Social Network. EPJ Data
Science 1, 1 (2012), 12.
Proceedings of the ACM on Human-Computer Interaction, Vol. 2, No. CSCW, Article 43. Publication date: November 2018.
Coloring in the Links 43:15
[4] Luca Maria Aiello, Alain Barrat, Rossano Schifanella, Ciro Cattuto, Benjamin Markines, and Filippo Menczer. 2012.
Friendship Prediction and Homophily in Social Media. Transactions on the Web 6, 2, Article 9 (2012), 33 pages.
[5] Luca Maria Aiello, Georgios Petkos, Carlos Martin, David Corney, Symeon Papadopoulos, Ryan Skraba, Ayse Göker,
Ioannis Kompatsiaris, and Alejandro Jaimes. 2013. Sensing Trending Topics in Twitter. Transactions on Multimedia 15,
6 (2013), 1268–1282.
[6] Luca Maria Aiello, Rossano Schifanella, and Bogdan State. 2014. Reading the Source Code of Social Ties. In Conference
on Web Science (WebSci). ACM, 139–148.
[7] Alexa. 2017. The top 500 sites on the web. (2017). http://www.alexa.com/topsites
[8] Lars Backstrom, Jon Kleinberg, Lillian Lee, and Cristian Danescu-Niculescu-Mizil. 2013. Characterizing and Curating
Conversation Threads: Expansion, Focus, Volume, Re-entry. In International Conference on Web Search and Data Mining
(WSDM). ACM, 13–22.
[9] Eytan Bakshy, Solomon Messing, and Lada A Adamic. 2015. Exposure to Ideologically Diverse News and Opinion on
Facebook. Science 348, 6239 (2015), 1130–1132.
[10] Alain Barrat, Marc Barthelemy, and Alessandro Vespignani. 2007. The Architecture of Complex Weighted Networks:
Measurements and Models. In Large Scale Structure And Dynamics Of Complex Networks: From Information Technology
to Finance and Natural Science. World Scientific, 67–92.
[11] Roy F Baumeister and Mark R Leary. 1995. The Need to Belong: Desire for Interpersonal Attachments as a Fundamental
Human Motivation. Psychological bulletin (1995).
[12] Peter Bearman and Paolo Parigi. 2004. Cloning Headless Frogs and Other Important Matters: Conversation Topics and
Network Structure. Social Forces 83, 2 (2004), 535–557.
[13] Hila Becker, Mor Naaman, and Luis Gravano. 2011. Beyond Trending Topics: Real-World Event Identification on
Twitter. In International Conference on Web and Social Media (ICWSM). AAAI, 438–441.
[14] Cristina Bicchieri. 2006. The Grammar of Society: The Nature and Dynamics of Social Norms. Cambridge University
Press.
[15] Peter Michael Blau. 1964. Exchange and power in social life. Transaction Publishers.
[16] Martin Boeker, Werner Vach, and Edith Motschall. 2013. Google Scholar as Replacement for Systematic Literature
Searches: Good Relative Recall and Precision are not Enough. BMC medical research methodology 13, 1 (2013), 131.
[17] danah boyd, Scott Golder, and Gilad Lotan. 2010. Tweet, Tweet, Retweet: Conversational Aspects of Retweeting on
Twitter. In Hawaii International conference on System Sciences (HICSS). IEEE, 1–10.
[18] WichorM Bramer, Dean Giustini, BiancaMR Kramer, and PF Anderson. 2013. The Comparative Recall of Google Scholar
versus PubMed in Identical Searches for Biomedical Systematic Reviews: a Review of Searches Used in Systematic
Reviews. Systematic reviews 2, 1 (2013), 115.
[19] Philip Bramsen, Martha Escobar-Molano, Ami Patel, and Rafael Alonso. 2011. Extracting Social Power Relation-
ships from Natural Language. In Annual Meeting of the Association for Computational Linguistics: Human Language
Technologies (HLT). Association for Computational Linguistics, 773–782.
[20] Moira Burke and Robert E Kraut. 2016. The Relationship Between Facebook Use and Well-Being Depends on
Communication Type and Tie Strength. Journal of Computer-Mediated Communication 21, 4 (2016), 265–281.
[21] Ronald S Burt. 2009. Structural Holes: The Social Structure of Competition. Harvard University Press.
[22] David M Buss. 2003. The Evolution of Desire: Strategies of Human Mating. Basic books.
[23] David M Buss and David P Schmitt. 1993. Sexual Strategies Theory: an Evolutionary Perspective on Human Mating.
Psychological review (1993).
[24] Nancy Cantor andWalter Mischel. 1979. Prototypes in Person Perception. In Advances in experimental social psychology.
Vol. 12. Elsevier, 3–52.
[25] Fabio Celli and Luca Rossi. 2012. The Role of Emotional Stability in Twitter Conversations. In Workshop on semantic
analysis in social media. Association for Computational Linguistics, 10–17.
[26] Teresa Correa, Amber Willard Hinsley, and Homero Gil De Zuniga. 2010. Who Interacts on the Web? The Intersection
of Users’ Personality and Social Media Use. Computers in Human Behavior 26, 2 (2010), 247–253.
[27] Cristian Danescu-Niculescu-Mizil, Lillian Lee, Bo Pang, and Jon Kleinberg. 2012. Echoes of Power: Language Effects
and Power Differences in Social Interaction. In International Conference on World Wide Web (WWW). ACM, 699–708.
[28] Munmun De Choudhury, Hari Sundaram, Ajita John, and Dorée Duncan Seligmann. 2009. What Makes Conversations
Interesting?: Themes, Participants and Consequences of Conversations in Online Social Media. In International
Conference on World Wide Web (WWW). ACM, 331–340.
[29] Simon DeDeo. 2013. Collective Phenomena and Non-Finite State Computation in a Human Social System. PLoS ONE 8,
10 (10 2013).
[30] Martin Dittus, Luca Maria Aiello, and Daniele Quercia. 2017. Community Engagement Triage: Lightweight Prompts
for Systematic Reviews. Proceedings of Human-Computer Interaction 1, CSCW, Article 39 (2017), 22 pages. http:
//doi.acm.org/10.1145/3134674
Proceedings of the ACM on Human-Computer Interaction, Vol. 2, No. CSCW, Article 43. Publication date: November 2018.
43:16 S. Deri et al.
[31] Robin IM Dunbar. 1998. The Social Brain Hypothesis. brain 9, 10 (1998), 178–190.
[32] Robin IM Dunbar and Matt Spoors. 1995. Social Networks, Support Cliques, and Kinship. Human Nature 6, 3 (1995),
273–290.
[33] Richard M Emerson. 1976. Social Exchange Theory. Annual review of sociology 2, 1 (1976), 335–362.
[34] Stephen T Emlen and Lewis W Oring. 1977. Ecology, Sexual Selection, and the Evolution of Mating Systems. Science
197, 4300 (1977), 215–223.
[35] Motahhare Eslami, Amirhossein Aleyasen, Karrie Karahalios, Kevin Hamilton, and Christian Sandvig. 2015. FeedVis:
A Path for Exploring News Feed Curation Algorithms. In Conference Companion on Computer Supported Cooperative
Work & Social Computing (CSCW Companion). ACM, 65–68.
[36] Alan P Fiske. 1992. The four elementary forms of sociality: framework for a unified theory of social relations.
Psychological review 99, 4 (1992), 689.
[37] Susan T Fiske, Amy JC Cuddy, and Peter Glick. 2007. Universal Dimensions of Social Cognition: Warmth and
Competence. Trends in cognitive sciences 11, 2 (2007), 77–83.
[38] JR French, Bertram Raven, and D Cartwright. 1959. The Bases of Social Power. Classics of organization theory 7 (1959),
311–320.
[39] John RP French Jr. 1956. A Formal Theory of Social Power. Psychological review 63, 3 (1956), 181.
[40] Aurelien Gautreau, Alain Barrat, and Marc Barthélemy. 2009. Microdynamics in Stationary Complex Networks.
Proceedings of the National Academy of Sciences 106, 22 (2009), 8847–8852.
[41] Jean-François Gehanno, Laetitia Rollin, and Stefan Darmoni. 2013. Is the coverage of Google Scholar Enough to be
Used Alone for Systematic Reviews. BMC medical informatics and decision making 13, 1 (2013), 7.
[42] Deborah E Gibbons. 2004. Friendship and Advice Networks in the Context of Changing Professional Values. Adminis-
trative Science Quarterly 49, 2 (2004), 238–262.
[43] Eric Gilbert. 2012. Predicting Tie Strength in a New Medium. In Conference on Computer Supported Cooperative Work
(CSCW). ACM, 1047–1056.
[44] Eric Gilbert and Karrie Karahalios. 2009. Predicting Tie Strength with Social Media. In Conference on Human Factors in
Computing Systems (CHI). ACM, 211–220.
[45] Jesús Gómez-Gardenes, Irene Reinares, Alex Arenas, and Luis Mario Floría. 2012. Evolution of Cooperation in Multiplex
Networks. Scientific reports 2 (2012), 620.
[46] Pollyanna Gonçalves, Matheus Araújo, Fabrício Benevenuto, and Meeyoung Cha. 2013. Comparing and Combining
Sentiment Analysis Methods. In Conference on Online Social Networks (COSN). ACM, 27–38.
[47] Przemyslaw A Grabowicz, José J Ramasco, Esteban Moro, Josep M Pujol, and Victor M Eguiluz. 2012. Social Features
of Online Networks: The Strength of Intermediary Ties in Online Social Media. PloS one 7, 1 (2012), e29358.
[48] M S Granovetter. 1973. The Strength of Weak Ties. Amer. J. Sociology (1973).
[49] Shannon Greenwood, Andrew Perrin, and Maeve Duggan. 2016. Social Media Update. (November 2016). http:
//www.pewinternet.org/2016/11/11/social-media-update-2016/
[50] F. Maxwell Harper, Dan Frankowski, Sara Drenner, Yuqing Ren, Sara Kiesler, Loren Terveen, Robert Kraut, and John
Riedl. 2007. Talk Amongst Yourselves: Inviting Users to Participate in Online Conversations. In International Conference
on Intelligent User Interfaces (IUI). ACM, 62–71.
[51] Albert H Hastorf and Hadley Cantril. 1954. They Saw a Game; a Case Study. The Journal of Abnormal and Social
Psychology 49, 1 (1954), 129.
[52] Russell A Hill and Robin IM Dunbar. 2003. Social Network Size in Humans. Human nature 14, 1 (2003), 53–72.
[53] Petter Holme and Jari Saramäki. 2012. Temporal Networks. Physics reports 519, 3 (2012), 97–125.
[54] C. Honeycutt and S.C. Herring. 2009. Beyond Microblogging: Conversation and Collaboration via Twitter. In Hawaii
International Conference on System Sciences (HICSS). IEEE.
[55] Giacomo Inches and Fabio Crestani. 2011. Online Conversation Mining for Author Characterization and Topic
Identification. In Workshop for Ph.D. Students in Information & Knowledge Management (PIKM). ACM, 19–26.
[56] Matthew O Jackson. 2010. Social and Economic Networks. Princeton university press.
[57] Akshay Java, Xiaodan Song, Tim Finin, and Belle Tseng. 2007. Why We Twitter: Understanding Microblogging Usage
and Communities. In Workshop on Web Mining and Social Network Analysis (WebKDD/SNA-KDD). ACM, 56–65.
[58] Suin Kim, JinYeong Bak, and Alice Oh. 2012. Do You Feel what I Feel? Social Aspects of Emotions in Twitter
Conversations. In International Conference on Web and Social Media (ICWSM). AAAI.
[59] Mikko Kivelä, Alex Arenas, Marc Barthelemy, James P Gleeson, Yamir Moreno, and Mason A Porter. 2014. Multilayer
Networks. Journal of complex networks 2, 3 (2014), 203–271.
[60] Farshad Kooti, Luca Maria Aiello, Mihajlo Grbovic, Kristina Lerman, and Amin Mantrach. 2015. Evolution of Conver-
sations in the Age of Email Overload. In International Conference on World Wide Web (WWW). ACM, 603–613.
[61] Ravi Kumar, Mohammad Mahdian, and Mary McGlohon. 2010. Dynamics of Conversations. In International Conference
on Knowledge Discovery and Data Mining (KDD). ACM, 553–562.
Proceedings of the ACM on Human-Computer Interaction, Vol. 2, No. CSCW, Article 43. Publication date: November 2018.
Coloring in the Links 43:17
[62] Jérôme Kunegis, Andreas Lommatzsch, and Christian Bauckhage. 2009. The Slashdot Zoo: Mining a Social Network
with Negative Edges. In International Conference on World Wide Web (WWW). ACM, 741–750.
[63] Jérôme Kunegis, Julia Preusse, and Felix Schwagereit. 2013. What is the Added Value of Negative Links in Online
Social Networks?. In International Conference on World Wide Web (WWW). ACM, 727–736.
[64] Jure Leskovec, Daniel Huttenlocher, and Jon Kleinberg. 2010. Predicting Positive and Negative Links in Online Social
Networks. In International Conference on World Wide Web (WWW). ACM, 641–650.
[65] Daniel Z Levin and Rob Cross. 2004. The Strength of Weak Ties you can Trust: The Mediating Role of Trust in Effective
Knowledge Transfer. Management science 50, 11 (2004), 1477,1490.
[66] David Liben-Nowell and Jon Kleinberg. 2007. The Link-prediction Problem for Social Networks. Journal of the
Association for Information Science and Technology 58, 7 (2007), 1019–1031.
[67] Linyuan Lü and Tao Zhou. 2011. Link Prediction in Complex Networks: A Survey. Physica A: statistical mechanics and
its applications 390, 6 (2011), 1150–1170.
[68] Niklas Luhmann. 1982. Trust and Power.
[69] François Mairesse, Marilyn A Walker, Matthias R Mehl, and Roger K Moore. 2007. Using Linguistic Cues for the
Automatic Recognition of Personality in Conversation and Text. Journal of artificial intelligence research 30 (2007),
457–500.
[70] David Martin-Borregon, Luca Maria Aiello, Przemyslaw Grabowicz, Alejandro Jaimes, and Ricardo Baeza-Yates. 2014.
Characterization of Online Groups along Space, Time, and Social Dimensions. EPJ Data Science 3, 1 (2014), 8.
[71] Miller McPherson, Lynn Smith-Lovin, and James M Cook. 2001. Birds of a Feather: Homophily in Social Networks.
Annual review of sociology 27, 1 (2001).
[72] Mark EJ Newman. 2003. The Structure and Function of Complex Networks. SIAM review 2 (2003), 167,256.
[73] Penelope J Oakes, S Alexander Haslam, and John C Turner. 1994. Stereotyping and Social Reality. Blackwell Publishing.
[74] Katrina Panovich, Rob Miller, and David Karger. 2012. Tie Strength in Question & Answer on Social Network Sites. In
Conference on Computer Supported Cooperative Work (CSCW). ACM, 1057–1066.
[75] Malcolm R Parks, Charlotte M Stan, and Leona L Eggert. 1983. Romantic Involvement and Social Network Involvement.
Social Psychology Quarterly (1983), 116–131.
[76] R. Plutchik. 1980. Emotion: A Psychoevolutionary Synthesis.
[77] Joel M Podolny and James N Baron. 1997. Resources and Relationships: Social Networks and Mobility in the Workplace.
American sociological review (1997), 673–693.
[78] Hemant Purohit, Yiye Ruan, David Fuhry, Srinivasan Parthasarathy, and Amit Sheth. 2014. On Understanding
Divergence of Online Social Group Discussion. In International Conference on Web and Social Media (ICWSM). AAAI.
[79] Anabel Quan-Haase and Alyson L Young. 2010. Uses and gratifications of social media: A comparison of Facebook and
instant messaging. Bulletin of Science, Technology & Society 30, 5 (2010), 350–361.
[80] Daniele Quercia, Michal Kosinski, David Stillwell, and Jon Crowcroft. 2011. Our Twitter Profiles, our Selves: Predicting
Personality with Twitter. In International Conference on Social Computing (SocialCom). IEEE, 180–185.
[81] Emilee Rader and Rebecca Gray. 2015. Understanding User Beliefs About Algorithmic Curation in the Facebook News
Feed. In Conference on Human Factors in Computing Systems (CHI). ACM, 173–182.
[82] Lee Rainie and Barry Wellman. 2012. Networked: The new social operating system. Mit Press.
[83] Liz Spencer and Ray Pahl. 2006. Rethinking Friendship: Hidden Solidarities Today. Princeton University Press.
[84] James B. Stewart. [n. d.]. Facebook Has 50 Minutes of Your Time Each Day. It Wants
More. The New York Time ([n. d.]). https://www.nytimes.com/2016/05/06/business/
facebook-bends-the-rules-of-audience-engagement-to-its-advantage.html
[85] Michael Szell, Renaud Lambiotte, and Stefan Thurner. 2010. Multirelational Organization of Large-scale Social Networks
in an Online World. Proceedings of the National Academy of Sciences 107, 31 (2010), 13636–13641.
[86] Henri Tajfel. 2010. Social Identity and Intergroup Relations. Cambridge University Press.
[87] Simo Tchokni, Diarmuid Ó Séaghdha, and Daniele Quercia. 2014. Emoticons and Phrases: Status Symbols in Social
Media. In International Conference on Web and Social Media (ICWSM). AAAI.
[88] Mart GM Van der Poel. 1993. Delineating Personal Support Networks. Social networks 15, 1 (1993), 49–70.
[89] Alan Vaux. 1988. Social Support: Theory, Research, and Intervention. Praeger publishers.
[90] Bimal Viswanath, Alan Mislove, Meeyoung Cha, and Krishna P. Gummadi. 2009. On the Evolution of User Interaction
in Facebook. In Workshop on Online Social Networks (WOSN). ACM, 37–42.
[91] Kenneth NWalker, Arlene MacBride, and Mary LS Vachon. 1977. Social support networks and the crisis of bereavement.
Social Science & Medicine 11, 1 (1977), 35–41.
[92] S. Wasserman and K. Faust. 1994. Social Network Analysis. Cambridge University Press.
[93] Barry Wellman and Scot Wortley. 1990. Different Strokes from Different Folks: Community Ties and Social Support.
AJS 96, 3 (1990), 558–588.
[94] Harrison C White. 2008. Identity and Control: How Social Formations Emerge. Princeton University Press.
Proceedings of the ACM on Human-Computer Interaction, Vol. 2, No. CSCW, Article 43. Publication date: November 2018.
43:18 S. Deri et al.
[95] Christo Wilson, Bryce Boe, Alessandra Sala, Krishna P.N. Puttaswamy, and Ben Y. Zhao. 2009. User Interactions in
Social Networks and Their Implications. In European Conference on Computer Systems (EuroSys). ACM, 205–218.
[96] Kath Wright, Su Golder, and Rocio Rodriguez-Lopez. 2014. Citation Searching: a Systematic Review Case Study of
Multiple Risk Behaviour Interventions. BMC medical research methodology 14, 1 (2014), 73.
[97] Akbar Zaheer, Bill McEvily, and Vincenzo Perrone. 1998. Does Trust Matter? Exploring the Effects of Interorganizational
and Interpersonal Trust on Performance. Organization science 9, 2 (1998), 141,159.
[98] W-X Zhou, Didier Sornette, Russell A Hill, and Robin IM Dunbar. 2005. Discrete Hierarchical Organization of Social
Group Sizes. Proceedings of the Royal Society of London B: Biological Sciences 272, 1561 (2005), 439–444.
Received April 2018; revised July 2018; accepted September 2018
Proceedings of the ACM on Human-Computer Interaction, Vol. 2, No. CSCW, Article 43. Publication date: November 2018.
